ABSTRACT In this paper, an indoor inertial navigation system (INS) integrated with light detection and ranging (LiDAR) robot localization system is proposed to provide accurate information about the robot location. To achieve high accuracy and robustness, a cascaded finite-impulse response (FIR) filter is designed and incorporated into the proposed INS/LiDAR localization scheme. The cascaded scheme employs two FIR filters. An unbiased FIR filter is used to estimate the LiDAR-derived position by fusing distances between a robot and detected corner points. An extended FIR filter is used to fuse the LiDAR-and INS-based measurements. An experimental study indicates that the proposed scheme demonstrates higher robustness than the traditional methods of localization employing Kalman filtering.
I. INTRODUCTION
Mobile robot technologies have emerged in recent years to facilitate human work in indoor environments, where the Global Positioning System (GPS) [1] signals are not always available. In the absence of GPS-provided information, a key question arises of how to obtain a sufficient accuracy and robustness of localization for a robot to complete the task in uncertain and even harsh environments.
To provide accurate information about the robot location in indoor environments, there were developed several efficient approaches. An improved indoor mobile robot localization scheme using radio frequency identification (RFID) sensor fusion has been proposed in [2] . Although the RFID-based localization scheme is fully adapted to indoor environments, the precision was reported to be at decimeter level that is not always sufficient to fulfill the robot program. A more flexible solution found for complex indoor environments implies using the WiFi technology [3] . Compared to the The associate editor coordinating the review of this manuscript and approving it for publication was Weimin Huang.
RFID-based localization schemes, this approach relies on WiFi networks deployed in certain areas. However, the precision of WiFi-based localization still may not be sufficient in many cases. A higher accuracy provides the ultra wide band (UWB) technology. For example, a robust and accurate UWB-based indoor robot localization scheme has been addressed in [4] . Although the UWB-based approach can improve accuracy, UWB signals may also be unavailable in some indoor space areas, such as the metal-filled. Furthermore, this scheme requires a reference node, thus an additional equipment.
To avoid an extra hardware, one way is to use an inertial navigation system (INS) [5] , [6] . However, the INS-generated position errors cause time-drifts [7] , [8] , which are not acceptable for long-time navigation. In order to overcome this problem, some approaches employ visual navigation. For example, a modified visual navigation scheme, which employs features and a sharpness measure of the convolutional neural network [9] . Let us notice that the visual-based navigation scheme depends on a quality of the acquired pictures. Therefore, another approach called the light detection and ranging (LiDAR) has been developed to achieve higher positioning resolution in environments containing many features [10] . An example of such a solution is an improved LiDAR-based localization algorithm for mobile robots proposed in [11] .
Most often, data fusion is provided in navigation using Kalman filters (KFs) [12] , [13] . Although the KF produces optimal estimates, its performance depends on accurate information about the noise statistics [12] , [14] , [15] and is thus not robust. To obtain better robustness, finite-impulse response (FIR) filtering has been employed in some schemes [4] , [16] . For example, an extended unbiased FIR (EFIR) filter is used in the UWB-based indoor human localization [17] .
Referring to higher robustness of the FIR approach, in this paper we design a cascaded FIR filter for indoor INS/LiDARintegrated robot localization. The contribution of this work is the following:
• A novel integrated scheme for fusing the LiDAR-and INS-derived positions with a FIR data fusion filter used in both the LiDAR-and INS/LiDAR-based structures.
• A cascaded FIR filter designed to replace the KF and enhance the robustness of the integrated scheme. The remaining part of this paper is organized as follows. The indoor INS/LiDAR-integrated robot localization using a cascaded FIR filter is addressed in Section II. Section III presents results of experimental testing. Finally, conclusions are addressed in Section IV.
II. CASCADED INS/LiDAR-INTEGRATED ROBOT LOCALIZATION SCHEME
In this section, we design a cascaded indoor INS/LiDARintegrated robot localization systems as shown in Fig. 1 . The INS is composed of a compass and an encoder, which are mounted on a mobile robot. A compass is capable of detecting the heading of a mobile robot and an encoder is used to measure the robot velocity. In such a way, the INSmeasured position Po I is obtained. The LiDAR provides the LiDAR-measured position Po L using an EFIR filter. In turn, an UFIR filter provides the INS position error δPo I using the difference between Po I and Po L . The robot's position is then computed as a difference between Po I and δPo I . Note that the proposed integrated scheme employs two FIR filters, which are incorporated to improve the estimation robustness. Further we will demonstrate the effect experimentally.
A. EFIR FILTER DESIGN FOR LiDAR-BASED LOCALIZATION
In this subsection, we first represent the LiDAR-based robot localization problem in state space and then design the EFIR estimation algorithm.
The LiDAR system provides a position Po L in several steps:
1) A position of the ith corner point (CP) is detected in polar coordinate as Po
CP(p) [18] , [19] 
where L relates the model to LiDAR and t L is the sampling time. Here, (P L E,t , P L N ,t ) is the 2D robot position vector which includes the east and north directions; (V L E,t , P L V ,t ) is the 2D robot velocity vector which includes the east and north directions; and w L t is white Gaussian noise, and the covariance of w L t is Q L t . The equation of measurement can be written as
. . .
where (P
CP(n) and v L t is white Gaussian noise, and the covariance of v L t is R L t . The EFIR filter's code developed for model (1) and (2) and related to LiDAR-based robot localization is listed as
Algorithm 1, where the EFIR filter requires only most recent measurements to estimate the Po L . Meanwhile, the extended Kalman filter (EKF) is used to cover the initial dead zone inherent to EFIR structures. Accordingly,
are required by the EKF to initialize the EFIR filter. In this algorithm, M L is the size of X L , and N L is the EFIR filter's filtering window size.
B. UFIR FILTER DESIGN FOR INS/LiDAR-BASED LOCALIZATION
Provided the LiDAR-measured position, one can exploit the INS/LiDAR-integrated localization scheme and apply a linear UFIR filter instead of the extended EFIR filter, which is required by the LiDAR scheme. To make it possible, in this subsection we first introduce a relevant state-space model and then design a UFIR filtering algorithm. 
where Lt means an ''integrated robot localization scheme''; (δP E,t , δP N ,t ) is the 2D INS position error vector which includes the east and north directions; and (δV E,t , δV N ,t )is the 2D INS velocity errors vector which includes the east and north directions. The sampling time for the integrated scheme is denoted as t Lt and w Lt t is white Gaussian noise, and the covariance of w Lt t is Q Lt t .
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The observation equation for the INS/LiDAR-integrated model can be written as
where (P L E,t , P L N ,t ) are provided by Algorithm 1, (P I E,t , P I N ,t ) represent the INS position, which is computed via the encoder and compass data, and v Lt t is white Gaussian noise, and the covariance of v Lt t is R Lt t . A pseudo code of the UFIR filter designed for model (3) and (4) is listed in Algorithm 2. Like in Algorithm 1, the UFIR filter exploits here a KF to cover a dead zone and X Lt 0 , P Lt 0 , Q Lt t , and R Lt t are required by the KF to initialize the UFIR filter. Note that when t > N Lt , the UFIR filter performance depends on the UFIR filter's filtering window size N Lt and the X Lt 's size M Lt . Therefore, N Lt must be optimized.
C. CASCADED FIR FILTER FOR INS/LiDAR-INTEGRATED LOCALIZATION
Provided estimates by Algorithm 1 and Algorithm 2, a pseudo code of a cascaded FIR filter for indoor INS/LiDARintegrated robot localization is listed as Algorithm 3. 
Algorithm 3 Cascaded FIR Filter for INS/LiDARIntegrated Robot Localization
Data: Y L t , M L , N L ,X L 0 , P L 0 , Q L t , R L t , M Lt , N Lt ,X Lt 0 , P Lt 0 , Q Lt t ,
III. EXPERIMENTAL VERIFICATION
The performance of the proposed indoor INS/LiDARintegrated robot localization system with a cascaded FIR filter will be verified experimentally in the following section. To this end, we will first introduce the experimental environment and setting and then discuss the test results.
A. EXPERIMENTAL ENVIRONMENT AND SETTING
The indoor INS/LiDAR-integrated robot localization system with a cascaded FIR filter is deployed in this work. To test the proposed integrated scheme and data fusion method, we create an indoor environment as shown in Fig. 2 . The system is composed of a mobile robot, a computer, a LiDAR, and an INS. All these devices are mounted on a robot.
The INS/LiDAR-integrated localization system architecture is shown in Fig. 3 . A computer is connected to each sensor via ports RS232, which are also used to collect sensor raw data. The INS composed of a compass and an encoder provides the INS-measured position. An RPLIDAR A1 is used as the LiDAR to provide the LiDAR-measured position to the detected corner points. We test the equipment in a small area of (3m × 1.5m), since the detection range of the RPLIDAR A1 is 5 meters. At a test stage, the corner point positions are measured in the n-frame in advance for a robot travelling along a planned path. Both t L and t Lt in (1) and (3) are set to 0.75 s. Although this approach can be implemented in a relatively easier way compared to the case of unknown environments, it still has a wide range of applications and challenges in Automatic Guidance Vehicle (AGV) for storage and transportation in indoor environment. Figure 4 displays a pictured mobile robot used to test the localization system. 
B. TUNING EFIR AND UFIR FILTERING ALGORITHMS
Tuning of the EFIR Algorithm 1 and UFIR Algorithm 2 is provided as follows. The state model suggests that M L = 4 and M Lt = 4. Thus, the EFIR and UFIR filter performance depends only on N L and N Lt . To specify optimal N L opt , we solve the optimization problem [15] of
where tr(P L ) is the trace of the error covariance P L representing the mean square error (MSE). Likewise, we define N Lt opt by solving the optimization problem of
Effect of the filtering window size on the MSEs produced by the EFIR and UFIR filters is sketched in Fig. 5 and Fig. 6,   FIGURE 5 . Effect of the N L on the MSE. 
C. THE CASCADED FIR AND KALMAN FILTERS' ERRORS
We next compare the cascaded FIR filter and cascaded KF's position errors . The cascaded KF is designed by replacing the EFIR filter and UFIR filter in both algorithms. To make a decision about the filter accuracy, we conduct an experiment for two groups of parameters listed in Tables 1 and 2 . Table 3 . Note that although the length of the reference path in this experiment is small, the RMSEs in the INS positions are still bigger in both directions than in the LiDAR-based estimates.
In Fig. 8(a) , we sketch the reference path and trajectories estimated by the LiDAR using LS, cascaded KF, and cascaded FIR. What can be seen is that estimates provided by the cascaded KF and FIR filter are consistent and that they trace closer to the planned path than those provided by the LiDAR with LS. The RMSEs and Stdevs of the INS, LiDAR with LS, cascaded KF, and cascaded FIR filter are listed in Table 4 and one infers that the cascaded FIR filter is most accurate. Fig. 8(b) and Fig. 8(c) show the east and north position errors and one deduces that the performances of the cascaded KF and FIR filters are closely related and look better than of the INS and the LiDAR with LS.
For the second experiment, the reference path along with the estimates provided by the LiDAR using LS, cascaded KF, and cascaded FIR filter are sketched in Fig. 9(a) . Instantly one indicates that the cascaded KF output is highly biased, although less noisy, while the cascaded FIR filter is still stable. The LiDAR, cascaded KF, and cascaded FIR filter's position errors in the east and north directions (experiment 2) are shown in Fig. 9(b) and Fig. 9(c) . In addition, the RMSEs and Stdevs produced by these estimators in experiment 2 are listed in Table 5 . From these results, one may truly conclude that the cascaded FIR filter has higher robustness than the cascaded KF against errors in the noise statistics. In fact, the cascaded KF produces much larger errors in this experiment.
D. PERFORMANCE OF THE CASCADED FIR FILTER
We finish our investigations by considering the effectiveness of the cascaded filters in both experiments. In the first case, we will test a scheme with one UFIR filter as shown in Fig. 1 . In the second case, we will test a scheme using the cascaded FIR filter combined with the EFIR and UFIR filters as shown in Fig. 1 . Trajectory estimates provided by the EFIR and cascaded FIR are shown in Fig. 10 . As can be seen, the cascaded structure is more efficient in accuracy that other solutions. Note that a relatively weak improvement in the accuracy in VOLUME 7, 2019 our experiment is due to limitations of the experimental area. It can be more appreciable in larger areas.
IV. CONCLUSION
The INS/LiDAR-integrated robot localization system designed using a cascaded FIR filter has demonstrated higher robustness that its predecessor employing KF. That has become possible by the following improvements:
• A new integrated scheme fusing the LiDAR-and the INS-based data based on FIR filtering.
• A cascaded FIR filter designed for the INS/LiDARintegrated localization scheme, in which the UFIR filter is used to provide the LiDAR-derived position and the EFIR filter to fuse the LiDAR-and INS-based data.
An overall conclusion is that the performance of the proposed method is better than that inherent to traditional methods of mobile object localization. This inference was supported by extensive experimental investigations in an indoor environment.
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